As the number of electronic biomedical textual resources increases, it becomes harder for physicians to find useful answers at the point of care. Information retrieval applications provide access to databases; however, little research has been done on using automatic summarization to help navigate the documents returned by these systems. After presenting a semantic abstraction automatic summarization system for MEDLINE citations, we concentrate on evaluating its ability to identify useful drug interventions for 53 diseases. The evaluation methodology uses existing sources of evidence-based medicine as surrogates for a physician-annotated reference standard. Mean average precision (MAP) and a clinical usefulness score developed for this study were computed as performance metrics. The automatic summarization system significantly outperformed the baseline in both metrics. The MAP gain was 0.17 (p < 0.01) and the increase in the overall score of clinical usefulness was 0.39 (p < 0.05).
Introduction
The clinical research literature, particularly studies reporting on randomized clinical trials, provides an important information resource supporting effective patient care [1] [2] [3] [4] . Compelling evidence that is most relevant to a particular disease is retrieved from online resources, especially MEDLINE, the National Library of Medicine's bibliographic database and the primary repository of the scientific literature. However, as such resources grow, it is increasingly challenging for clinicians to rapidly find useful answers to questions that arise during the course of practice.
Search engines and biomedical information retrieval techniques provide increased accuracy, ranking techniques, and ways of presenting results [5] [6] [7] [8] [9] [10] to the biomedical researcher and clinician. However, little research has been published in using automatic summarization to augment these techniques and help manage the information contained in the large numbers of MEDLINE citations often returned by PubMed searches. Automatic summarization seeks to provide the most important information from a source in a condensed format. This ability could support the practice of evidence-based medicine by allowing, for example, users to compare and contrast several treatments for a particular disease [11] . We are developing an automatic summarization system in the semantic abstraction paradigm [12] that can potentially help clinicians find the most salient information relevant to some disease. The thrust of the research reported here is to evaluate the summaries produced, in an effort to determine how useful they are in helping clinicians provide quality patient care.
We conducted a formal, large-scale, topic-based evaluation of our automatic summarization system, which found interventions in the biomedical literature for several questions about disorders. The questions and synthesized answers were semiautomatically extracted from the June 2004 issue of Clinical Evidence (CE) concise, a widely accepted resource for evidence-based medicine compiled by the British Medical Journal [13] . In addition, we enhanced this resource with disease-drug information from the Physicians' Desk Reference (PDR) [14] , which provides access to FDA-approved interventions for over 4000 drugs.
Background

Semantic abstraction summarization system
In research on automatic summarization a contrast is made between processing a single text and several documents. To be usefully applied in managing the results of PubMed searches, multidocument applications are needed. Such systems have been discussed in general and in specific domains. Teufel and Moens [15] and Kupiec et al. [16] developed systems to summarize scientific articles in general. Several systems in the computational 1532-0464/$ -see front matter Published by Elsevier Inc. doi:10.1016/j.jbi.2008. 10.002 linguistics literature focus on current events [17] [18] [19] and other domain areas, such as legal documents [20] . An example in medicine is the PERSIVAL system [21] . Afantenos' et al. [22] survey of summarization in the biomedical domain points out the popularity of the extraction paradigm [23] , in which summaries consist of salient text identified in source documents. Other systems use semantic information to identify salient topics in scientific articles [24] , to generate summaries for news articles [25] , and to generate summaries of consumer health documents as well as technical articles for physicians [26] . Earlier work investigated the semantic abstraction paradigm [27] , in which a summary is constructed from an abstract representation of the semantic content of source documents.
We are developing a summarizer in the semantic abstraction paradigm, and the system relies on semantic representation provided by SemRep [28, 29] , a natural language processing application under development at the National Library of Medicine. SemRep extracts semantic predications from the biomedical research literature based on two principles: underspecified linguistic analysis and domain knowledge from the Unified Medical Language System Ò (UMLS) Ò [30] . For example, SemRep interprets (1) as (2) , where the arguments in this semantic predication, ''Donepezil" and ''Alzheimer's Disease," are Metathesaurus concepts, and the predicate, TREATS, is from the Semantic Network.
(1) Donepezil for the management of Alzheimer's Disease. (2) Donepezil TREATS Alzheimer's Disease
The predications produced by SemRep comprise executable knowledge representing semantic information in the documents processed and can be reduced by the summarization process to provide an overview of those documents from four points of view (treatment of disease, diagnosis of disease, pharmacogenomics, and substance interactions). In this paper, we used the treatment of disease point of view.
Summarization relies on a user-specified topic and a transformation phase based on four principles which ensure that the summary provides useful information on the topic [12] . The principles are informally defined as: (3) Relevance: Include predications on the topic of the summary Connectivity: Also include ''useful" additional predications Novelty: Do not include predications that the user already knows Saliency: Only include the most frequently occurring predications
If ''pneumonia" is selected as the topic of the summary, Relevance processing keeps predications with ''Pneumonia" as an argument, such as ''Ampicillin TREATS Pneumonia" but excludes all others (for example, ''Doxorubicin TREATS Hodgkin's Disease"). Connectivity includes predications that share an argument with a predication kept by Relevance (such as ''Ampicillin CAUSES Rash"). Novelty uses the hierarchical structure of the Metathesaurus to eliminate predications with generic (and hence uninformative) arguments such as ''Pharmaceutical Preparation TREATS Pneumonia." Finally, Saliency eliminates predications with low frequency of occurrence [31] . A high-level view of the summarization process evaluated in this study is illustrated in Fig. 1 . The results of a PubMed search are first interpreted by SemRep. The summarizer then takes these predications as input along with a user-specified topic (such as a disease) and applies the transformation principles to produce a reduced set of predications (or conceptual condensate), which gives an overview of the content of the retrieved citations. Finally, the condensate is represented as a graph, which is both informative, in the sense that it provides an overview of the content of the source citations, and indicative, in that predications are linked to the source text that generated them.
An example of output from this system is given in Fig. 2 , where the graph represents semantic predications produced by summarizing 300 MEDLINE citations returned by a PubMed search on panic disorder. Nodes in the graph represent concepts, and arcs show relations between them. (Only TREATS relations are displayed in Fig. 2 .) Drug therapies, such as selective serotonin reuptake inhibitors, tricyclic antidepressants (imipramine), and benzodiazepines appear in the graph and are included as effective interventions in CE. Perhaps more interestingly, cognitive therapy and psychotherapy, of particular interest for anxiety disorders, are prevalent in the summary but are not included in the June Fig. 1 . A schematic view of our semantic abstraction summarizer.
2004 release of CE. (In that version it is noted that these two interventions will be considered for future releases.) In Fig. 2 , the arc linking ''Cognitive Therapy" to ''Panic Disorder" has been selected and the information in the box on the right indicates that this TREATS relation occurs 17 times (frequency of occurrence) in 11 of the citations returned by the search (typicality). One of these citations is shown in the box at the bottom; it reports on a multicenter trial of different delivery methods of cognitive-behavioral therapy for the treatment of panic disorder.
Related research on evaluating multidocument summarization
Evaluation of multidocument summarization is an evolving research field. In most studies [32] [33] [34] , reference standard summaries are produced by several experts, and measures of intra-and inter-rater agreement are provided. The summarizers are contrasted quantitatively with these reference standards and several performance measures are computed. This methodology is expensive and time consuming. In addition, generating an ideal summary is subjective with respect to the experts who produce them. Because of this, research is being pursued to produce reference standards automatically [35] .
Other evaluation studies are user centered. Typically this method has been deployed for single document summarization [36] and seeks to assess a summary based on how well a user can exploit it to perform a given task. Evaluation studies of multidocument summarization in the biomedical [37] and news (for example [38] ) domains attempt to measure the impact that multidocument summarization has on a user's ability to find answers quickly while satisfying information needs. After reading summaries, users are asked to answer questions related to finding required information, exploiting that information, and user satisfaction.
More recently Amigo et al. [39] proposed an ''information synthesis" task, defined as ''given a specific information need, the multidocument summary should extract, organize, and synthesize an answer that satisfies that need." Based on this proposal, the annual Document Understanding Conference (DUC) [40] was reengineered to address a more focused, topic-oriented approach to evaluating automatic summarization systems. The topic invokes real-world questions and human assembly of answers so they can be compared against the results of the summarizers.
In this study, we followed the information synthesis approach of Amigo et al. in an effort to determine how interventions that appear in our summaries as subject arguments of TREATS predications compare with interventions in a reference standard generated semiautomatically from two widely accepted resources for evidence-based medicine, CE and PDR. Therefore, we took advantage of these resources as surrogates for answers assembled by hand, and very little human involvement was necessary in the creation of the reference standard. These resources will be briefly introduced in the next section, and compilation of the reference standard will be discussed in detail in Section 3.
Resources for evidence-based medicine
The June 2004 issue of CE was used to create the reference standard for evaluation of the generated summaries. CE is one of the so-called secondary sources of evidence-based information for clinicians; such sources provide concise regularly updated summaries of the best available clinical research. CE summaries are presented as answers to clinical questions. Each summary includes a list of interventions, key points and synopses of the reviewed clinical studies, references, and supplements for a particular disorder. The usefulness of this resource comes from the ordered categorical output of the list of interventions. For example, for the question ''What are the treatments for osteoarthritis?" CE has an ordered list of interventions such as oral analgesics, oral nonsteroidal antiinflammatory agents, exercise, etc. This structure of CE facilitates semiautomatic extraction of interventions needed to compile a reference standard. The ordered categories defined for CE interventions are:
Beneficial (Interventions for which effectiveness has been demonstrated by clear evidence from randomized clinical trials and for which expectation of harm is small compared with the benefits).
Likely to be beneficial (Interventions for which effectiveness is less well established than for those listed under ''beneficial").
Trade-off between benefits and harms (Interventions for which clinicians and patients should weigh up the beneficial and harmful effects according to individual circumstances and priorities).
Unknown effectiveness (Interventions for which there are currently insufficient data or data of inadequate quality).
Unlikely to be beneficial (Interventions for which lack of effectiveness is less well established than for those listed under ''likely to be ineffective or harmful").
Likely to be ineffective or harmful (Interventions for which ineffectiveness or harmfulness has been demonstrated by clear evidence).
In addition to CE, we used the 2004 version of the PDR, which lists drugs approved by the FDA for the treatment of disease. It does not provide ordered categories, but it compensates for the intentional sparseness of CE in a manner that will be explained in the next sections.
Methods
For our topic-based approach to automatic summarization evaluation, we adapted methods developed by the National Institute of Standards and Technology for the DUC and Text Retrieval Conference (TREC). These evaluations rely on: (1) topics (descriptions of complex information needs, recently expressed as questions), (2) documents for summarization, (3) reference standards, and (4) evaluation metrics. We used topics and summaries compiled by medical experts and published in CE. In our collection, each topic is a question about pharmacotherapy for a given disorder. The corresponding summary answers this question by providing a ranked list of therapeutic interventions. We evaluated the system using widely accepted measures of performance developed in TREC and an evaluation metric developed for this study. The latter metric strives to capture the usefulness of the summaries for evidence-based medicine. The results from our summarization system were compared to a baseline in which answers were based solely on frequently occurring drugs in retrieved documents. Finally, we conducted a manual evaluation of four randomly selected topics.
Topics and reference standard
All questions from the CE 2004 issue pertaining to pharmacological treatment of diseases were included in this study (questions about therapeutic procedures such as surgery were excluded). Of the 192 CE topics, 54 questions matched the inclusion criterion. The corresponding topics (disorders) are listed in Table 1 along with the disease classes to which they belong (determined by CE). The 54 topics are expressed as follows (with minor variations) in CE: What are the effective treatments for X? (X represents disorders such as chronic obstructive pulmonary disease.)
The reference standard intervention lists for the 54 topics were formed as follows: The core of the reference standard consists of the interventions extracted manually from the CE 2004 issue. CE provides information for an international audience; therefore, only the generic or the most common names of drugs (rather than brand names) are used in the summaries. Further, CE does not include all FDA-approved drugs. To compensate for this sparseness, drugs for each topic were manually extracted from PDR and added to the reference standard as a separate group. Including PDR drugs also addressed the fact that CE does not include brand names of drugs. Each CE drug name in the reference standard was annotated with its category (such as ''beneficial," ''trade-off," or ''likely harmful"), while the PDR drugs were labeled ''pdr." For a given topic, if both sources (CE and PDR) contained a drug name, only its CE category was used.
After compiling lists of drugs for each topic, the reference standard was normalized by mapping drug names to UMLS Metathesaurus concepts using MetaMap [41] . To provide for subsequent automatic evaluation (in which drugs found by the summarization system and the baseline method were matched against the reference standard on a conceptual level), drug names were represented in the reference standard using UMLS unique concept identifiers (CUI). The majority of the UMLS CUIs for the reference standard were determined automatically; however, CUIs for a few unmatched drugs were assigned by the second author (DDF), who was not involved in the development of the summarization system. Manual assignment of CUIs was necessary to accommodate spelling variation and synonymy not represented in the Metathesaurus and to disambiguate multiple matches. The reference standard was created independently and in advance of the summaries generated by the summarization system and the baseline method. Table 2 presents the reference standard entry for the topic panic disorder. 
Documents for summarization
MEDLINE citations for the summarization system and the baseline were retrieved automatically by submitting a query template (Fig. 3) to PubMed using EUtilities [42] . The template emulates search strategies employed by medical librarians seeking high quality information focused on a particular disease: (1) To focus on the disease in question, the default PubMed query expansion was turned off using the [mh:noexp] command. For example, this strategy prevents broadening the search for ''epilepsy" to a search for 25 disorders, including ''Seizures," ''Febrile Seizures," and ''Landau-Kleffner Syndrome." (2) To focus on high quality evidence, the search was limited to the results of clinical trials. Although metaanalyses and systematic reviews are considered high quality secondary sources of evidence, we followed the strategies developed by the authors of these studies and focused on reliable primary sources of evidence. Further, to be as close as possible to knowledge available at the time of the creation of CE, we restricted the date of the search to articles published prior to the publication of the CE article for a given disease. To fill the term variable in this template, each topic in Table 1 was mapped to MeSH using MetaMap. We found that a few of the resulting MeSH concepts did not adequately convey the meaning of the topic, and we therefore modified the names of these topics and remapped them to MeSH. For example, initially ''oropharyngeal candidiasis" was mapped to MeSH ''Candidiasis," while the manually modified ''oral candidiasis" was mapped to the more specific ''Candidiasis, Oral." The modifications are as follows: oropharyngeal candidiasis ? oral candidiasis chronic bacterial prostatitis ? chronic prostatitis chronic plaque psoriasis ? chronic psoriasis early stage aggressive non-Hodgkin's lymphoma ? early stage non-Hodgkin's lymphoma The PubMed query based on the template in Fig. 3 is general and was used for the 54 topics of our evaluation. The number of citations returned varied depending on the topic. For example, there were no results of clinical trials published specifically on ''Irritable Bowel Syndrome" before 2004. Since, the search returned no citations, this topic was ignored for subsequent processing, and the study was conducted with 53 topics. There were few trials published on four other topics (early stage aggressive non-Hodgkin's lymphoma, congenital toxoplasmosis, generalized anxiety disorder, and leg cramps), and search results were consequently low. Although results for these topics were included in the study, summarization system results were affected.
Baseline generation
To evaluate the usefulness of the summarization system for evidence-based practice, we compared it to a baseline in which summaries were generated using simple frequency of occurrence of drug names in retrieval results. The baseline was created using MetaMap. Concepts having a semantic type in the UMLS semantic group Chemicals & Drugs were identified in the PubMed search results for each of the 53 topics in our study (excluding ''Irritable Bowel Syndrome"). The five most frequently occurring drugs in the set of documents for each disorder were then extracted as the list of drugs considered to be pharmacotherapies for that disorder. The five most frequently occurring drugs were selected, because, on average, there are five beneficial and likely beneficial drugs listed in CE for each disorder. The baseline method, emphasizing frequency of occurrence, may approximate a busy clinician investigating therapeutic alternatives when confronted with a particular disease.
Summaries generated by the summarization system
For each of the 53 topics in the study, the retrieved document set was processed using SemRep, and the predications returned were summarized with the relevant topic specified as the main topic of the summary. From the summarized conceptual condensate we extracted predications of the form <Intervention> TREATS <Disorder> where <Disorder> is the UMLS Metathesaurus concept corresponding to the topic, and <Intervention> is any Metathesaurus concept having a semantic type in the semantic group Chemicals & Drugs. Final ranked lists of drug therapies for each topic were created by extracting <Intervention> concepts and sorting them by frequency of occurrence.
For four topics (early stage aggressive non-Hodgkin's lymphoma, congenital toxoplasmosis, generalized anxiety disorder, and leg cramps) the summarization system produced no results because the number of citations retrieved for these topics was small (as noted above), leaving the output for summarization either empty or with no TREATS relations. For example, PubMed retrieved two citations for congenital toxoplasmosis; there were no TREATS predications in the summarization output for these citations.
Evaluation
Determining whether a drug name found by the summarization system belongs to the reference standard as a treatment for the relevant topic is fairly complex because of the nature of CE, on which the reference standard was based. Different, but synonymous, drug names occurring in the reference standard and retrieved by the summarization system are accommodated by synonymous concepts in the UMLS Metathesaurus. However, in many cases the reference standard names a class of drugs as beneficial for a given topic, for example, thrombolytic agents for acute myocardial infarction. In this case, any thrombolytic agent found by the summarization system should be counted as a true positive. The hierarchical matching algorithm described in Section 3.5.1 performs this task automatically. Hierarchical matching is followed by computation of mean average precision (Section 3.5.2). Although this metric is useful in predicting future performance of a system with respect to finding drugs mentioned in the reference standard, it does not rate beneficial drugs higher than harmful ones. We therefore developed a metric, the clinical usefulness score, which takes into consideration the quality of the intervention found (Section 3.5.3). We computed mean average precision and the clinical usefulness score for each disease topic and then averaged the scores within each disease class. An overall schematic view of our evaluation is depicted in Fig. 4 .
Hierarchical matching
As the basis for hierarchical matching, we used the UMLS Knowledge Source Server [43] to retrieve Metathesaurus hierarchical contexts for drugs returned by the summarization system and the baseline method. For example, ''Thrombolytic Agents" was computed as an ancestor of ''Tissue Plasminogen Activator." Drug names returned by the summarization system or the baseline method were allowed to match their ancestors, thus reconciling a drug name returned by the summarization system with its class in the reference standard. However, a class from the summarization system (acetylcholinesterase inhibitors, for example) compared to a member in the reference standard (donepezil) was marked as a false positive.
Mean average precision
Mean average precision (MAP) is a measure sensitive to the ranking of drugs by a system and summarizes both recall and precision [44] . MAP for the 53 topics was computed as the mean of the individual average precision scores for each topic. Average precision of each topic is the mean of the precision scores computed after each reference standard drug is found in the ranked list of drugs generated by the summarization system and the baseline method. Based on the 53 disease topics, we calculated MAP for the 18 disease classes presented in Table 1 by computing the average MAP scores for the topics in each class.
Clinical usefulness score
To evaluate the usefulness of the summarization system and the baseline method in a clinical setting, a categorical performance metric was developed specifically for this study. In calculating this score, interventions extracted by a system are assigned to one of four high-level categories depending on how they match the interventions in the reference standard. The goal is to give credit to the system for finding beneficial interventions and, similarly, penalize it for finding harmful interventions. The high-level categories and the corresponding reference standard categories are as follows:
BEST: beneficial, likely to be beneficial OK: trade-off between benefits and harms, pdr BAD: likely to be ineffective or harmful OTHER: unknown effectiveness, unlikely to be beneficial We compared summarization and baseline results with the reference standard using hierarchical matching and assigned each intervention extracted to one of these high-level categories. We then computed scores for each of these four categories for each disease class of Table 1 . The score is normalized by dividing the number of interventions in the category by the total number of interventions extracted by the summarization process.
An overall score of clinical usefulness is computed as follows: The BEST category is given more weight (w b coefficient) because it is more important to find a highly beneficial treatment than to find an intervention of questionable effectiveness (OK category). Similarly, the summarization system and the baseline method are penalized more (w p coefficient for the BAD category) for finding a harmful intervention than for finding a treatment of unknown effectiveness (OTHER category). The overall score is a number that takes into consideration the degree of usefulness of an intervention. This score is potentially meaningful in evaluating relative performance of several systems on a given test set. As the weights w b and w p are constant, their absolute values represent an evaluator's belief in the importance of a given category. In this study both coefficients were (intuitively) set to 3, with the consequence that a drug with the BEST score is considered to be three times more useful than one with an OK score, which is in turn three times more useful than a drug with a BAD score.
We tested for statistically significant differences between the performance measures (mean average precision and clinical usefulness score) for the summarization system and the baseline for all disease classes using a two-tailed Wilcoxon signed rank test with 5% significance level. In addition, we used Kendall's tau [45] to determine whether mean average precision and the clinical usefulness score were correlated with each other.
Manual evaluation
Automatic comparison of system results to the reference standard is less resource intensive than relying on humans, but is not as accurate. In an effort to provide additional insight into the effectiveness of the summarization system for providing clinically relevant information, we conducted a manual evaluation for a random sample of four topics: acute myocardial infarction, gastroesophageal reflux disease, community acquired pneumonia, and panic disorder. Intervention concepts returned by the summarization system were marked as being correct only if they matched a drug in the reference standard categories ''beneficial" or ''likely to be beneficial." Recall and precision were calculated by hand.
Results
Appendix A shows all the interventions found by the summarization system for each of the topics in the study. As mentioned before, irritable bowel syndrome was excluded, leaving the digestive system class with one topic, for a total of 53 topics in all classes. Also, as explained before, the summarization system produced no results for four topics (early stage aggressive non-Hodgkin lymphoma, congenital toxoplasmosis, generalized anxiety disorder, and leg cramps). For the 53 topics, the number of citations represented in the final summary varied from 2 to 500 with an average of 240. The number of interventions for the topics varied from 0 to 26 with an average of 9. In the last column of Appendix A, the interventions retrieved for each topic are displayed in descending order of frequency of occurrence and typicality. All the interventions in Appendix A are UMLS Metathesaurus concepts. Table 3 compares results from the summarization system to the baseline (determined exclusively by frequency of occurrence) and lists five interventions from each method that were found to treat the dementia topic (mental health class). Underlined are interventions considered beneficial (''Donezepil") and likely to be beneficial (''Gingko biloba extract") according to the reference standard and found by the summarization system, but not by the baseline method. The uninformative concept ''Pharmaceutical Preparations" is eliminated by the summarization system but occurs in the baseline. The other interventions are ''Antipsychotic agents" such as ''Risperidone," ''Haloperidol," and ''Olanzapine." These are used to control behavioral and psychological symptoms of dementia, but do not improve the disease and are listed as ''trade-off between benefits and harms" by the reference standard.
As noted, in order to assess effectiveness of the summarization system we calculated both MAP and a clinical usefulness score. Approaches to evaluating the system should reflect the intended task. For example, if the goal is to display a ranked list of treatments classified from useful to harmful, MAP better predicts future performance. However, if the task is to display only the top-ranked effective treatments, the clinical usefulness score is a better evaluation metric. Table 4 shows mean average precision for the baseline method and summarization system on identifying reference standard interventions for the disease classes noted in Table 1 , sorted in descending order of MAP gain between results from the summarization system and the baseline method (last column). MAP gain computed over all disease classes is statistically significant (p < 0.01). Table 5 shows the results for the overall score of clinical usefulness for the baseline method and the summarization system. The negative values in the third and fourth columns indicate that the summarization system either completely failed to find the best available treatments, or the proportion of the beneficial drugs was insignificant compared to the number of harmful drugs found by the system. The last column of the table shows the gain in the overall clinical usefulness score with respect to the baseline in descending order. The overall difference in usefulness score between results for the baseline method and the summarization system is statistically significant (p < 0.05). Although, both performance measures showed significant improvement over the baseline they only moderately correlate with each other (Kendall's tau = 0.34), which means they are measuring performance in different ways.
Tables 4 and 5 demonstrate that according to both scores the summarization system performed better than the baseline method for such disease classes as oral health, respiratory disorders, musculoskeletal disorders, mental health, and digestive system disorders. On the other hand, the summarization system produced degraded results with respect to the baseline for the HIV and AIDS disease class. Results for other disease classes vary depending on Table 3 Interventions for the topic dementia. Those considered ''beneficial" or ''likely to be beneficial" in the reference standard are in italics.
Summarization system Baseline
Donepezil
Pharmaceutical Preparations Ginkgo biloba extract
Antipsychotic agents Antipsychotic Agents Risperidone Risperidone Haloperidol Olanzapine Olanzapine Table 4 Mean average precision scores for disease classes for baseline (BASE) and the summarization system (SUM). In the first column, N is the number of topics in a disease class. The last column is the gain in MAP. the performance measure used. In the next section we consider possible reasons for these results. We also discuss drugs found by the summarization system that occur in the literature as valid interventions for specified disorders, but which are not included in the reference standard.
The results of the manual evaluation performed are presented in Table 6 . Recall is strong, but precision less so.
Discussion
Overall, our results support the hypothesis that automatic summarization can make a positive contribution to effective clinical care by managing the information contained in MEDLINE citations relevant to specific topics. The overall statistically significant MAP gain with respect to the baseline was 0.17. The overall improvement in the clinical usefulness score was 0.39, which reflects the summarization system's ability to find interventions that have been proven beneficial or are likely to be beneficial according to the reference standard. These gains were achieved despite a relatively strong baseline, generated by using MetaMap conceptual normalization to identify drugs in citations retrieved with a focused search on specific topics.
The improvement in several disease classes (for example musculoskeletal disorders, mental health, and respiratory disorders) can be attributed to predication-based summarization. This method takes advantage of predications of the form ''<Intervention> TREATS <Disorder>" produced by SemRep in order to focus drug therapies on the topic (Relevance processing). For example, if the question was for treatment of acute asthma, the summary will not retrieve interventions for chronic asthma. Further, in the Novelty phase, the summarization system prunes predications with arguments that are uninformative. Therefore, in general, a nonspecific concept such as ''Pharmaceutical Preparations" (which does not appear in the reference standard) is always eliminated.
Although, the summarization system performed better than the baseline method for most disease classes, for others, results were unchanged or degraded. In some cases, degraded results were ultimately due to UMLS Metathesaurus coverage. For example, in the HIV and AIDS class (which has one disease, pneumocystis carinii pneumonia) both MAP and the clinical usefulness score were better for the baseline than for results from the summarization system. Both the summarization system and baseline processing retrieved four drugs that appear in the reference standard as beneficial in the treatment of pneumocystis carinii pneumonia in HIV patients: trimethoprim-sulfamethoxazole combination, pentamidine, corticosteroids, and dapsone. Additional interventions found by both the baseline method and the summarization system are not in the reference standard. Zidovudine, a drug used against the HIV virus, but not for the treatment of pneumocystis carinii pneumonia, appears in the baseline as a false positive. ''Prophylactic treatment" and hydroxynaphthoquinone 566C80 were returned by the summarization system, neither of which is in the reference standard. Because the summarization system found one more false positive than the baseline method, it received a lower performance measure than the baseline. In fact, hydroxynaphthoquinone 566C80 is a synonym for atovaquone, which appears in the reference standard as being beneficial for pneumocystis carinii pneumonia. Unfortunately, this equivalence is not represented in the Metathesaurus. Errors due to unnamed synonymy in the Metathesaurus degraded summarization system results in several other disease classes as well.
Mapping to the Metathesaurus during the process of generating semantic predications produced several errors. For example, the noun dose wrongly matched the Metathesaurus concept ''DOS," which is a synonym for docusate, a stool softener. Similarly infelicitous mappings produced other false positives, such as ''The science and art of healing" and ''Stimulation-action."
The etiology of another class of errors involves curation policy in creating a secondary evidence-based resource such as CE. Interventions are included only when there is sufficient evidence to support a determination of their effectiveness. For example, although baclofen is discussed in the research literature as a promising drug for gastroesophageal reflux disease, it does not appear in the version of CE we used for the reference standard in this study (nor does it appear in PDR for this disease). Since our summarization system does not have access to CE curation policy, it retrieved baclofen as a treatment for gastroesophageal reflux disease based on a predication accurately extracted from the following text in MEDLINE: ''Effect of acute and chronic administration of the GABA B agonist baclofen. . ..in control subjects and in patients with gastroesophageal reflux disease" (PMID 12631652).
In analyzing the results of the manual evaluation, false positives can be classified into four types. In descending order of frequency they are: intervention concepts that are categorized ''trade-off or unknown effectiveness" (43%) or do not appear in the reference standard (29%), intervention concepts that are too general (21%), and infelicitous mappings to the UMLS Metathesaurus (7%). The majority of the errors were of the first two types and are related to CE curation policy. For example, ''Antacids" (for gastroesophageal reflux disease) and ''Alprazolam" (panic disorder) were retrieved by the summarization system but are classified in the ''trade-off" or ''unknown effectiveness" category. The second error type included interventions that do not appear in the reference standard, such as ''Baclofen" (gastroesophageal reflux disease). These interventions are discussed in MEDLINE and may be included in later versions of CE. Errors of the other two types reflect shortcomings of the summarization system; however, they are less frequent than those in the first two types. ''Antibiotics" (for community acquired pneumonia) is an example of a concept that is too general, and ''Administration (procedure)" (acute myocardial infarction) is due to an incorrect mapping to the Metathesaurus. The evaluation discussed here has several limitations. We only considered pharmacologic treatments, and did not address topics for which the primary intervention is a therapeutic procedure. In addition, CE does not include information on diagnosis or prognosis, and so the evaluation does not provide insight on system performance in these areas. Other curated resources (such as UpToDate) could be explored as a basis for extending the methodology discussed here beyond treatment. A further limitation is due not so much to the evaluation methodology as to the natural language processing system assessed, which does not have access to information about the quality of the evidence supporting the relevant intervention [46] . This kind of information supports CE intervention categorization, and taking it into account would likely decrease the number of false positives returned by the system (especially in the ''trade-off" and ''unknown effectiveness" categories). Research is being pursued on automatic determination of quality of evidence [47, 48] ; such processing could be incorporated into the summarization system.
Although this paper concentrated on evaluating automatic summarization with a view toward assisting clinicians in navigating MEDLINE, it is also attractive to consider the system described as a possible tool for developing secondary sources of information such as CE. The construction (and updating) of these resources is labor-intensive and expensive. The system presented above could potentially support curators in their work.
Conclusion
Physicians have access to an ever increasing number of online resources to support high quality patient care. Current research in biomedical information management technology provides several retrieval techniques to help find the most useful documents relevant to questions that arise during clinical practice. However, few studies have investigated automatic summarization as a potential tool to help navigate the retrieved documents. We describe a system based on semantic abstraction that summarizes MEDLINE citations discussing treatment for specified disorders. A graphical display gives an informative overview of the processed information, while links to the underlying documents allow access to details. This paper then concentrates on a formal evaluation of the accuracy of this automatic summarization system in identifying treatments for disorders.
We used a topic-oriented evaluation that follows the principle of ''information synthesis" used in recent document understanding conference evaluations. As a surrogate for a physician-annotated reference standard, we semiautomatically compiled drug therapies for 53 topics from the June 2004 issue of Clinical Evidence concise, published by the British Medical Journal. This resource was enhanced with topic-drug information from the Physicians' Desk Reference. PubMed searches were issued for the 53 disorders studied, and the MEDLINE citations retrieved were processed by the summarization system. A baseline was also created by identifying the five most frequently occurring drugs in the citations retrieved for each disorder. Results from the summarization system and the baseline method were automatically compared to the reference standard, and two performance metrics were calculated: mean average precision and a clinical usefulness score, which penalized results that included drugs known to be harmful. The quality of automatic evaluation was checked through a manual assessment of the summarization results for four diseases. The summarization system scored significantly higher than the baseline on both metrics. (28/21) ; Apomorphine(9/5); Phentolamine(7/4); Injections(6/6); Intracavernous injection (procedure)(6/6); Papaverine(5/4); Glonoine, nitroglycerine, Homeopathic preparation(4/2) Mental health Dementia Risperidone(5/4); olanzapine(4/3); Antipsychotic Agents(4/2); donepezil(4/3); Ginkgo biloba extract(4/2); Melatonin(2/1); The science and art of healing(2/2); Levodopa(2/2) Depressive disorder Fluoxetine (23/18) ; Antidepressive Agents (17/17) ; Paroxetine(10/9); Serotonin Uptake Inhibitors(10/9); Imipramine(9/5); Release procedure(7/6); nefazodone(7/ 4); reboxetine(6/2); Sertraline(6/4); Fluvoxamine(6/4); Nortriptyline(5/4); venlafaxine(5/4); Amitriptyline(4/3); Psychotherapy(4/3); Tryptophan(3/3); Mirtazapine(3/2); Augmentation procedure (procedure)(3/3); Desipramine(2/2); Testosterone(2/1); olanzapine(2/2); Citalopram(2/2); Interventions(2/2); Pharmacotherapy(2/2); Bupropion(2/2); Electroconvulsive Therapy(2/2); Administration (procedure)(2/1) Generalized anxiety disorder NONE Mania Lithium(16/13); Verapamil(8/6); Valproate(6/5); Carbamazepine(6/6); Haldol decanoate, homeopathic preparation(6/6); Antipsychotic Agents(5/5); olanzapine(4/4); The science and art of healing(4/4); Clozapine(4/2); Antimanic Agents(4/4); Electroconvulsive Therapy(3/2); Risperidone (3/3) 
